Abstract: Cerebrovascular disease is common and associated with cognitive deficits and increased risk for dementia. Until recently, only limited attention has focused on advances in imaging techniques to better define and quantify the spectrum of asymptomatic cerebrovascular disease commonly seen on magnetic resonance imaging, such as abnormal white matter signals. Abnormal signals in cerebral white matter, although nonspecific, are increased in prevalence and severity in association with aging and cerebrovascular risk factors among older individuals. The ubiquitous occurrence of these abnormal white matter signals commonly referred to as white matter hyperintensities (WMHs) and the association with cerebrovascular risk and cognitive impairment among older individuals make scientific evaluation of WMHs an important and much needed avenue of research. In this section, we review current methods of WMH analysis. Strengths and limitation of both quantitative and qualitative methods are discussed initially, followed by a brief review of current magnetic resonance imaging segmentation and mapping techniques that make it possible to assess the anatomical location of WMHs. We conclude by discussing future analytic methods designed to better understand the pathophysiology and cognitive consequences of WMHs. The relationship between WMHs and cognition in dementia, however, remains unclear. Although some studies show increased WMHs in association with AD, this pattern is not uniformly observed. 17, 18 Moreover, some studies suggest that subjects with AD and WMHs perform worse on cognitive tasks than cognitively healthy aging individuals, 19 yet other studies find no relationship between WMH and cognition among patients with AD. 18, 20 Finally, individuals with extensive WMHs are often excluded from studies of normal aging and clinical trials in AD, further limiting our understanding of how WMH impacts the aging process and AD. Advances in imaging technology have facilitated routine detection of WMH in clinical settings, but scientific understanding of the significance of WMH lags behind. This chapter focuses on how WMHs are measured.
H yperintense white matter (WMH) signal abnormalities are commonly found in the cerebral white matter of T2-weighted and fluid-attenuated inversion recovery (FLAIR) brain magnetic resonance imaging (MRI) sequences. White matter hyperintensities are consistently associated with age, hypertension, and other cardiovascular risk factors. 1 Individuals with extensive WMHs are also at significantly increased risk for future stroke. 2, 3 White matter hyperintensities are therefore commonly considered part of the spectrum of vascular-related injury, particularly among older individuals. 4 White matter hyperintensities also impact the cognitive function of otherwise healthy elderly people and those with mild cognitive impairment (MCI) and dementia. Among cognitively normal older individuals, WMHs are associated with subtle reductions in memory, processing speed, and executive function. 5 White matter hyperintensities are also associated with the symptoms of MCI, 6, 7 including memory loss, 8 and may increase the risk for conversion to dementia, 9 although this finding is controversial. 10 White matter hyperintensities are more extensive in patients diagnosed with Alzheimer disease (AD), 11Y13 and individuals with WMHs require a lower neuropathologic AD burden to demonstrate cognitive impairment 14 and dementia 15 than individuals without these lesions. The presence of concurrent WMHs may also cause diagnostic confusion for the treating physician, 16 potentially limiting effective care for these individuals.
The relationship between WMHs and cognition in dementia, however, remains unclear. Although some studies show increased WMHs in association with AD, this pattern is not uniformly observed. 17, 18 Moreover, some studies suggest that subjects with AD and WMHs perform worse on cognitive tasks than cognitively healthy aging individuals, 19 yet other studies find no relationship between WMH and cognition among patients with AD. 18, 20 Finally, individuals with extensive WMHs are often excluded from studies of normal aging and clinical trials in AD, further limiting our understanding of how WMH impacts the aging process and AD. Advances in imaging technology have facilitated routine detection of WMH in clinical settings, but scientific understanding of the significance of WMH lags behind. This chapter focuses on how WMHs are measured.
QUALITATIVE AND QUANTITATIVE MEASURE OF WMHs
Both qualitative and quantitative techniques have been used to measure WMHs. The qualitative approach uses visual rating scales whereby a single summary value of WMH severity is assigned to each image by a well-trained rater based on an operationally defined rating scale. 21Y25 Visual rating scales have the advantage of ease of use and insensitivity to artifacts that commonly limit quantitative method, making such approaches attractive to large epidemiological studies. 2, 5, 7, 12, 26 There are a variety of published visual rating scales. 21, 24 ,27Y29 Unfortunately, qualitative scales have a number of limitations. For example, categorical ratings have a restricted range of values that limit the power of association. Moreover, qualitative scales are often subjective in their interpretation, limiting interrater and intrarater reliability. Reliability is particularly poor with longitudinal studies. 30 For example, Mäntylä et al 25 compared 13 different visual rating scales to determine the consistency with which the various methods would rate WMH severity. They concluded that the heterogeneous properties of the different scales resulted in inconsistencies among previously published studies. Furthermore, it was clear that some of the scales were limited by ceiling effects. In the Leukokraurosis and Disability study, it was also mentioned that visual rating scales have poor discrimination of absolute lesion volume. 31 Therefore, research on cognition and WMH using visual rating scale techniques has enough inconsistency to be problematic.
Quantitative methods of measuring WMH severity use computer-based techniques to obtain volumetric measures of WMH burden. 32Y40 These methods vary from manual outlining techniques to fully-automatic WMH detection. Manual outlining techniques are referred to as Bregion-of-interest( ROI) methodologies, in which the reviewer views the scan on a computer and manually traces WMH with the mouse and cursor. After an ROI is traced, the computer calculates a volume of the region based on the section thickness and the number of pixels residing in the traced area. The values for all sections are then added together to make a total WMH volume. Volumetric determination is a strength of such methods; however, these methods are limited by the need for computer-based digital imaging and a well-trained investigator and are time consuming.
Fully automated techniques are based on computer algorithms for segmenting and measuring WMH volumes from the intensity of each voxel. After counting the number of voxels exceeding a predefined threshold of intensity (which may be set in a straightforward manner or a more sophisticated way using computations from global and local intensity histograms), a WMH volume is made by collecting the hyperintense voxels from all sample slices. The processes of setting the threshold by which voxels are estimated to be hyperintense are susceptible to errors resulting from human visual assessing of WMH boundaries, equivocal regions, and artifacts. The advantages of quantitative image analysis have been reported. 31, 41, 42 Although it might be difficult, without histopathology, to truly determine which of these techniques is superior, nonetheless, these studies have concluded that computer-mediated methods are likely to be more accurate estimates of WMH severity.
Quantification of WMH volumes can give important information about the total extent of abnormal signal in the brain. Unfortunately, knowledge of total volume alone does not recognize individual differences in the anatomical distribution of WMH which can vary substantially among individuals and may be important to the understanding of the pathophysiology and the cognitive impact of WMH. Therefore, we next describe the methods that account for WMH distribution and volume.
MEASURING WMH EXTENT AND DISTRIBUTION
Building on the advantages of quantitative measures of WMH, several studies on spatial distribution and extent of WMH have been published. 38 ,43Y45 Such studies are likely to instruct us on questions such as hemispheric symmetry and provide a basis for the examination of the functional relevance of these lesions.
For example, DeCarli et al 46 described an automated WMH segmentation technique as part of an extensive algorithm to acquire morphometric data for a large number of brains of aging individuals. In this algorithm, the only human intervention is to remove nonbrain tissue from conventional double spin-echo images. These images were segmented in a multistep process by performing local slicebased inhomogeneity corrections and brain matter segmentation on pseudo-T1 images and then segmenting voxels from a weighted summed proton density and T2 images with intensity of greater than 3.5 SDs above the mean to identify WMH voxels. This study found broad demographic patterns of brain changes concurrent with aging. However, it did not attempt to place these patterns on a common template.
Wen and Sachdev 38 and Benson et al 43 showed topographical WMH distributions using statistical parametric mapping 47 techniques. For instance, they reported, in a crosssectional study, the detailed topography of WMH in the brains of a representative sample and showed its widespread and important determinants. 38 In brief, they used a 1.5 T MRI scanner to obtain 1.5-mm thick T1-weighted (fast spoiled gradient-recalled echo) contiguous coronal sections and 4-mm thick T2-weighted FLAIR coronal slices through the whole brain. An age-specific FLAIR template in Montreal Neurological Institute (MNI) space 48 was constructed. Spatial normalization of the coregistered FLAIR and T1-weighted MRIs was then performed using the FLAIR templates. The detection and grading of WMH from each normalized FLAIR image, with the coregistered T1-weighted images as reference, was carried out. Each WMH map generated by the computer algorithm was visually inspected, and the false classification of WMH was manually removed from the map. White matter hyperintensity maps thus generated were ternary images, the voxel values of which indicated either the presence or absence of severe or moderate WMH on that location. Linear and nonlinear transforms were applied onto each individual MRI to place it into the MNI template, which is situated in Talairach space. 49 To quantify the WMH distribution, the template was partitioned into lobar regions and arterial territories. After normalizing each brain into Talairach space, a profile of WMH distribution by ROI could be tabulated, and a voxel-based probability map for WMH occurrence was also developed using Statistical Parametric Mapping99 (SPM99; Wellcome Functional Imaging Laboratory, London, UK). 47 In summary, the 2 important components of the technique were the following: (1) automatic detection of moderate and severe WMH in each subject (supplemented by human visual confirmation and adjustment) and (2) the use of a common template space, making possible a large-scale cross-sectional study of WMH distributions.
The previous methods included human interaction to remove false-positive identifications of WMH and to confirm the results of the automated segmentation. Another approach by Admiraal-Bhehloul et al 39 added an automatic Breasoning^step to replace the role of the human validator. Their method uses 3 subject images: FLAIR, T2, and proton densityVall coregistered. In a 2-level algorithm, intensity values from the 3 images are first assigned linguistic criteria, such as Bdark^and Bbright,^and voxel positions are assigned criteria such as BIC^(for intracranial) and BWM^(for white matter) based on probabilistic estimates from gray and white templates supplied by MNI. Next, in a Breasoning level,t hese voxel linguistic criteria are used to deduce the appropriate tissue class, whether cerebrospinal fluid (CSF) or WMH. The reasoning level is implemented as a fuzzy inference system, 50 applying human-style reasoning to the linguistic criteria previously assigned. The outcome is a segmentation of the CSF and WMH voxels of the brain. The authors report excellent results from criterion standard validation with human raters and also from testing their results for robustness after reorienting and reslicing the images. Unlike the work previously described by Wen and Sachdev 38 and Benson et al, 43 however, they do not discuss using the WMH segmentation to obtain cross-sectional results for the occurrence of WMH lesions. Nonetheless, it could certainly be applied in this direction.
This was the focus of work by DeCarli et al, 44 who explored the relationship between periventricular WMH, deep WMH, and total WMH using 3-dimensional anatomical mapping of WMH voxels. These methods also used automatic detection of WMH in each subject, followed by high-dimensional warping of each WMH map onto a common template. We will present these methods in greater detail in the next section. 44, 45 
IMAGE ACQUISITION AND MAPPING
In this section, we will discuss the methods developed in our laboratory for WMH segmentation and mapping. These have much in common with the automated detection methods described previously, particularly those of Wen and Sachdev, 38 both in their use of computer algorithms to perform intensity-based WMH detection and in using the WMH maps to make inferences about the patterns of WMH distributions across a population. Therefore, they are presented as an illustration of these techniques and the results that can be obtained from them.
MRI SEQUENCES
Two sequences were used: a T1-weighted coronal 3-dimensional spoiled gradient-recalled echo acquisition and a FLAIR sequence designed to enhance WMH segmentation. 51 
WMH SEGMENTATION
This section describes the methods of extracting WMH locations from the FLAIR images. Segmentation of WMH was performed on the FLAIR images by a semiautomated procedure using a set of in-house computer algorithms and programs previously described. 44, 52, 53 Initial reorientation of the 3-dimensional volume images was performed, so that brain regions were accurately delineated using common internal landmarks. 54, 55 Before segmentation, nonbrain elements were manually removed from the image by operator-guided tracing of the dura matter within the cranial vault, and image intensity nonuniformity correction was applied. 53 Our method of image segmentation rests on the assumption that, within a given 2-dimensional image, image pixel intensities for each tissue type (such as CSF and brain matter or gray matter and white matter) have their own population distribution that differs but possibly overlaps with that of the other tissue types. Cerebrospinal fluidYbrain matter segmentation was obtained by mathematically modeling the pixel intensity distributions from each image using Gaussian normal distributions, as previously described.
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The optimal segmentation threshold was defined as the intersection of the CSF modeled distribution with the brain matter modeled distribution. 52 After the image segmentation of the brain from CSF was performed, the pixel intensity histogram of the brain-only FLAIR image was modeled as a normal Gaussian distribution, and pixel intensities of 3.5 SDs above the mean were considered WMH. 56 In the next several subsections, we will describe all the steps in obtaining a WMH mask overlaid on the study template. The following figure illustrates these steps, from the initial WMH segmentation to the final image in template space (Fig. 1 ).
T1 IMAGE CORRECTION AND MAPPING
This section describes the methods by which individual subject's WMH maps are deformed into a common template space for cross-sectional comparison to generate group statistics. The steps are outlined as follows:
1. Linearly align and reslice the subject FLAIR image to the high-resolution T1 image. Transform the WMH map onto the T1 using the alignment parameters. 2. Use the locations of the WMH voxels on the T1 image to reset the corresponding T1 voxel intensities to reduce matching errors during normalization. 3. Perform a high-dimensional cubic B-spline warp of template image onto the subject's T1 image. Use the warping parameters to deform the subject's WMH maps into the template space. 4. Construct a WMH population composite map in template space based upon the warps of subject's WMH maps.
These steps will be discussed in turn.
Linear Alignment of FLAIR onto T1 Image
The FLAIR images, from which the WMH maps are derived, must first be aligned to the subject's high-resolution T1 image. Affine coregistration 57 of the FLAIR image to the high-resolution T1 image is done using a 6-parameter transformation (ie, using rotations and translations only). After the alignment of the FLAIR image onto the T1 image, its accompanying segmented WMH map is resliced and transformed onto the T1 image. To compensate for partial volume errors caused by interpolations in the transformation, the transformed mask may be thresholded at a level that yields the best approximation to the volume of nonzero voxels in the original segmented mask.
T1 Image Intensity Correction
In T1 images, areas of WMH appear with darker intensity values than the surrounding normal white matter. In certain instances, the WMH intensities overlap with those of CSF voxels. The result perhaps is that, during the warping stage, WMH areas will be mistaken for CSF, and incorrect alignments will occur at the ventricle boundaries. To address this problem, we execute a procedure for Bwhite matter replacement^. Because WMH voxel intensities in T1 images are darker than the normal white matter, we estimate the normal white matter mean intensities surrounding the identified WMH locations and replace the WMH intensities of the T1 image by this estimated mean.
The following figures illustrate this process. Areas where white matter voxel intensity replacements occurred have been circled in red. In the left image (prereplacement), particularly around the anterior ventricle horns, areas can be seen with reduced intensity which may be treated as CSF by the warping process and lead to matching errors during the warp. Voxels in these areas have been reset to a higher intensity in the right image, approximating the surrounding normal white matter (Fig. 2) .
High-dimensional Spatial Normalization
The T1 image with white matter replacement is spatially normalized using a minimal deformation template (MDT). 48 In this study, this type of template image is created to minimize the amount of distortion in the nonlinear deformation of each subject's MRI. The MDT is created as the most appropriate for the group of study subjects. In the examples presented here, the subject population was elderly with a mix of diagnoses, including AD, MCI, and normal. Our MDT was created as the average warp of one of the healthy elderlies onto 29 subjects randomly selected but with a view to include all categories of diagnosis. In a precisely defined measure, 58 the MDT is a high-resolution synthetic image that is Bclosest^overall to the images in the study group, needing the smallest amount of deformation, on average, to match images in the study. Figure 3 displays a sample slice from the MDT (left panel).
Spatial normalization consists of a high-dimensional cubic B-spline warp of the template onto each subject. 59 It is accomplished using a 3-dimensional grid of equally spaced control points which allows locally independent warps to be constructed in small subvolumes defined by cubes, having In this figure, the subject FLAIR image (lower right) is segmented to produce a WMH mask (lower middle). The FLAIR image is linearly aligned and resliced to the subject's T1 image (upper middle), and the T1 image is nonlinearly warped using the MDT as a template (upper left). The alignment and warp parameters are finally used to transform the WMH mask into the space of the template (lower left). Adapted from DeCarli. 44 
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control points as vertices. These result in a matching of fine anatomical details. Each data voxel in the target and subject's image is contained within a 4 Â 4 Â 4 cube of such control points, and its position, along with the first and second derivatives of the warp at that location, is defined by a sum of 64 tensor products of B-spline basis functions (third-order polynomials) together with the positions of these control points. The third-order polynomial basis functions guarantee that the local warps are smoothly joined at the boundaries of the cubes. By changing one or more of these grid points, the location of the voxels can be adjusted. Because this adjustment is dependent on local parameters only (the locations of the neighboring 64 grid points), one can obtain a finer anatomical match than what is achievable using linear or nonlinear globally parameterized transformations.
The normalization strategy follows a multigrid hierarchy. The multigrid approach refers to performing a series of image normalizations using control point grids of successively finer mesh. We used control point separations of 32-, 16-, 8-, 4-, and 2-mm in succession.
Constructing WMH Frequency Maps
After transformation of each WMH image using the warping parameters, the WMH masks are generally well positioned in the space of the MDT. The WMH voxels are in locations analogous to their original locations in the subjects' images. Figure 3 (middle panel) shows an example for 1 subject, where the transformed WMH mask is displayed as a color-coded map over the MDT. In this figure, the nonwhite voxels at the edges of the transformed WMH mask are artifacts of the display only; the actual mask has been thresholded at a value to approximate the volume of the untransformed WMH mask.
We use these transformed subject's WMH masks to compute a composite map displaying the fraction of the subject population having WMH at each voxel of the MDT. The right panel of Figure 3 illustrates the frequency map for a study population of 88 subjects, in which 26 were diagnosed as having AD, and 29 were diagnosed as having MCI; 33 were healthy controls. Low-intensity peripheral areas of the frequency map represent voxels where 3% to 5% of the population had WMH. Around the ventricle horns, particularly in the anterior region, areas reached 70%.
White matter hyperintensity coordinates from the MDT can also be converted into MNI coordinates using the MNI template 48 for further anatomical localization (Fig. 4) .
IMAGE ANALYSIS
Image analysis consists of 2 major components. The first is to create a WMH composite frequency distribution map for each group. Voxel intensity values of the group composite maps are floating point values ranging from 0 to 1.0, indicating the frequency of WMH at each location of the MDT image for that group. Thus, the WMH frequency maps serve as a measure of intersubject variability and relative WMH lesion load for each group at that anatomical location. The next figure shows examples of color-coded images of group WMH frequency maps overlaid on the MDT (Fig. 5) . FIGURE 3 . The role of the MDT template in white matter mapping. Left, Representative slice from MDT template. The parameters computed from normalizing a subject to the MDT are then used to inverse-warp each subject's T1 image onto the MDT. In addition, the subject's accompanying coregistered FLAIR image and WMH mask are also transformed onto the MDT. Middle, A sample image of 1 subject's WMH mask after transforming and overlaying on the MDT template. Right, The composite WMH frequency map for population of 88 subjects. Image analysis can be further enhanced through defining specific ROIs. The ROIs can be defined in a number of ways. One example is to use areas of greatest frequency, as defined by the composite frequency maps on the template image. For example, ROIs can be created using a threshold of 10% composite frequency. An example of a 3-dimensional rendering of a 10% thresholded composite map to illustrate its spatial extent is graphically displayed in Figure 6 . This is 1 method whereby anatomically specific WMH lesion loads can be analyzed across groups.
ADVANTAGES OF IMAGE MAPPING
There are a number of distinct advantages to anatomical mapping of WMH; at least, 2 groups have capitalized on this information. 38, 44 Wen and Sachdev 38 used anatomical information to describe the distribution of WMH across various cerebral lobes and vascular supply zones. They showed that the WMH were of greatest prevalence around the ventricle with a rostral to caudal distribution, being most prevalent around the anterior horns and least prevalent around the posterior horns of the lateral ventricle. White matter hyperintensities were also in greatest prevalence within the anterior portion of the medial lenticulostriate vascular territory. These results gave added specificity to the anatomical and blood supply areas most vulnerable to WMH.
DeCarli et al 44 sought to understand a slightly different question regarding WMH distributions. These authors were interested in the supposed differences between periventricular and deep WMH. In this study, the authors found a continuous distribution of WMH extending from approximately 2 to 15 mm away from the ventricular surface as the total volume of WMH increased within individual brains, exactly as predicted from current anatomical understanding of the white matter vascular watershed area. This finding suggested that previous reports distinguishing etiologic or functional differences between periventricular and deep WMH may be confounded by the overall extent of WMH and called for more precise anatomical mapping to define the etiology and cognitive consequences of these common brain lesions.
FUTURE DIRECTIONS USING SUPPLEMENTARY MRI IMAGING METHODS
Unlike conventional MRI, quantitative MRI techniques such as magnetization transfer imaging and diffusion tensor imaging (DTI) are sensitive to microstructure in brain tissue. 60 Metrics derived from these techniques have already been shown to have great clinical use in identifying age-and disease-related abnormalities at a regional and global level.
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Although none of these techniques represent a comprehensive solution to tissue specificity, magnetization transfer imaging and DTI provide complementary information about the cellular and molecular changes that are associated with myelination and with the maturation of synaptic interconnectivity. It is possible that diffusion imaging may help to clarify the impact of WMH-associated cerebral damage on cognitive function in normal aging and cognitive impairment.
FUTURE DIRECTIONS USING NOVEL ANALYTIC METHODS
Current mapping methods discussed in this review offer substantial but limited advantages over summary measures such as WMH volume. Anatomical mapping allows group comparison within identified ROIs but does not accurately summarize the entire distribution of WMH across the brains of various individuals. For example, individuals with the same total volume of WMH may have a single discreet lesion or a host of scattered small lesions that may not be identified even with ROI methods. Such limitations call for a new statistical approach such as image decomposition methods. Orthogonal decomposition methods can incorporate both cerebral anatomy and relevant biology that may provide more interpretable and informative summaries for use in analyses. This method is under development in our laboratory.
Correlational analysis is another important method under development. The ability to transform brain images into a common anatomical space creates the opportunity for correlative studies that examine the distribution of WMH within a voxel or ROI and a host of associated variables such as age, diagnoses, or performance on cognitive tasks. Unfortunately, the categorical nature of WMH (yes or no) at any given voxel poses challenges for statistical inference. Although 1 approach would be to replace the binary WMH maps with the continuous normalized FLAIR voxel intensity, such an approach does not enable direct measurement of voxels deemed to be WMH. Successful resolution of this limitation has the advantage of furthering our understanding of the pathophysiology of WMH and the cognitive consequences.
CONCLUSIONS
The application of imaging techniques to the study of biological processes has progressed rapidly since the advent of MRI in the early 1980s. Magnetic resonance imaging is highly sensitive to brain morphological changes and lesions affecting the cerebral white matter such as WMH. In assessing the WMH load, quantitative image analyses have certain advantages over qualitative methods such as visual rating scales. We have reviewed recent contributions to WMH analysis using these quantitative techniques. The hallmarks of these techniques are the semiautomated or fully automated methods of WMH detection and the use of a common template enabling the detection of WMH distribution patterns in an aging population.
The etiology and cognitive consequences of these very common WMH lesions remain unclear. However, we believe that newer image analysis methods can be used to reveal the extent, spatial location, and possibly, differential etiology of WMH among various groups of interest. Current work is also ongoing to evaluate new statistical approaches to better describe WMH distributions within individuals. Important future work includes conducting longitudinal studies of magnetization transfer ratio, DTI, and quantitative WMH analysis to validate imaging surrogate markers of normal and pathological changes and to monitor these changes in response to current and future treatments.
